Agricultural lands have strong impact on global carbon dynamics and nitrogen availability. Monitoring changes in agricultural lands require more efficient and accurate methods. The first prototype of a full waveform hyperspectral Light Detection and Ranging (LiDAR) instrument has been developed at the Finnish Geodetic Institute (FGI). The instrument efficiently combines the benefits of passive and active remote sensing sensors. It is able to produce 3D point clouds with spectral information included for every point which offers great potential in the field of remote sensing of environment. This study investigates the performance of the hyperspectral LiDAR instrument in nitrogen estimation. The investigation was conducted by finding vegetation indices sensitive to nitrogen concentration using hyperspectral LiDAR data and validating their performance in nitrogen estimation. The nitrogen estimation was performed by calculating 28 published vegetation indices to ten oat samples grown in different fertilization conditions. Reference data was acquired by laboratory nitrogen concentration analysis. The performance of the indices in nitrogen estimation was determined by linear regression and leave-one-out cross-validation. The results indicate that the hyperspectral LiDAR instrument holds a good capability to estimate plant biochemical parameters such as nitrogen concentration. The instrument holds much potential in various environmental applications and provides a significant improvement to the remote sensing of environment.
INTRODUCTION
Agricultural lands are major carbon sinks on Earth and they have strong impact on global carbon dynamics and nitrogen availability. In addition, monitoring crop physiological status, such as nitrogen balance and biomass, is essential for precision agriculture and farm management (Haboudane et al., 2008) . Hence, efficient and accurate methods are needed to detect and estimate the key processes in agro-ecosystems.
Passive multi-and hyperspectral remote sensing offer efficient methods of producing information about vegetation spectral properties, which is needed for studying vegetation biochemical parameters, such as nitrogen concentration. However, some notable limitations still exist with passive remote sensing techniques. Passive sensors are dependent on solar illumination and they are sensitive to changing illumination conditions (Nischan et al., 2003; Puttonen et al, 2010) . In addition, they provide no proper information on the vertical distribution of vegetation, which is essential in vegetation biomass estimation (Jones et al., 2010; Woodhouse et al., 2011) .
Light detection and ranging (LiDAR) is a powerful tool for acquiring information on vegetation structure and biomass. LiDAR sensors are capable of penetrating the vegetation canopy and thus receive measurement data from both the canopy and sub-canopy structures (Lim et al., 2003; Tan et al., 2004; Jones et al., 2010; Woodhouse et al., 2011) . LiDAR has been widely utilized, for example, in retrieving various forest parameters such as the tree height and stem diameter (Hyyppä et al., 2001) . Another major benefit of LiDAR sensors is the capability to operate day or night and they are not affected by changing illumination conditions (Nischan et al., 2003) .
The disadvantage of LiDAR in vegetation measurements has been the lack of spectral information (Lim et al., 2003; Wallace et al., 2012) . Most laser scanners operate at a single-wavelength providing point data with a high spatial resolution and intensity data. The use of laser intensity in target and surface classification has been a topic of interest (Moffiet et al., 2005; Kaasalainen et al., 2008) . However, the single-wavelength laser intensity data does not provide spectral data to enable, for example, estimation of vegetation biochemical parameters. Therefore, a multi-wavelength active measurement system has been an object of great interest (Puttonen et al., 2010; Wallace et al., 2012) .
The benefits of passive and LiDAR sensors in vegetation remote sensing have led to several attempts to combine these techniques in one measurement system (Johnson et al., 1999; Tan et al., 2004; Chen et al., 2010; Woodhouse et al., 2011; Wallace et al., 2012; Wei et al., 2012) . LiDAR and passive sensor data has shown to complement each other very well (Koetz et al., 2007; Jones et al., 2010) . However, combining two data sets acquired with different types of instruments cause significant spatial and temporal registration problems.
Another approach has been to develop a multi-wavelength LiDAR instrument. Previous research has mainly focused on dual-wavelength LiDAR systems (Tan et al., 2004; Chen et al., 2010; Wallace et al., 2012) but LiDAR system operating with more than two wavelengths has also been developed ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume II-5/W2, 2013 ISPRS Workshop Laser Scanning 2013 , 11 -13 November 2013 , Antalya, Turkey (Woodhouse et al., 2011 Wei et al., 2012) . These previous approaches have shown the potential for multi-wavelength LiDAR systems in vegetation remote sensing. However, the wavelength range of available spectral bands and the number of sensor channels has been quite limited in these approaches, because they use separate monochromatic lasers as light sources.
The development of an active hyperspectral LiDAR instrument has become possible since the development and the commercial availability of supercontinuum laser sources (Kaasalainen et al., 2007) . A supercontinuum laser source can produce directional broadband light which in combination with a hyperspectral time-of-flight sensor constitutes an instrument capable of simultaneous distance and broadband reflectance measurement (Hakala et al., 2012 ). An instrument utilizing the supercontinuum laser technique has been developed and constructed at the Finnish Geodetic Institute (FGI). The instrument is the first prototype of a full waveform terrestrial hyperspectral LiDAR (Hakala et al., 2012) . It can measure 3D point clouds included with hyperspectral backscattered reflectance for every point. The reflectance data is collected with eight channels ranging between 500-1000 nm. The hyperspectral LiDAR instrument combines the benefits of both passive and active sensors in a single instrument thus enabling it to extract important biochemical and structural parameters of vegetation in one measurement.
Plant nitrogen concentration is strongly linked to plant chlorophyll concentration. Chlorophylls are an important indicator of plant photosynthetic capacity, productivity and stress level (Blackburn et al., 1998; Zhang et al., 2008) . The amount of chlorophyll in plants decreases while plant is under stress (Zhang et al., 2008) . The chlorophylls a and b have a strong reflectance peak in the green region (around 550 nm) and strong absorbance peaks in the visible red (630-690 nm) and blue (450-520 nm) regions of the vegetation spectrum. Consequently, variations in vegetation chlorophyll levels cause significant spectral changes especially at the red-edge region which is the most important and investigated part of the vegetation spectrum (Main et al., 2011) . The spectral red-edge is an abrupt change in reflectance between the red (670 nm) and near-infrared (NIR, 800 nm) regions, caused by combined effects of chlorophyll absorption in the red region and high reflectance of vegetation in the NIR-region.
The most common method to detect variations in the vegetation spectral red-edge and nitrogen and chlorophyll levels has been to define various vegetation indices from remotely sensed data. Vegetation indices are based on combinations of reflectance at certain wavelengths that highlight important features in the vegetation reflectance spectrum.
This research investigates the abilities of hyperspectral LiDAR in vegetation remote sensing. The investigation is conducted by finding vegetation indices sensitive to nitrogen concentration of Oats (Avena Sativa) grown in different fertilization conditions using hyperspectral LiDAR data and validating their performance in nitrogen estimation. The results of the estimation using hyperspectral LiDAR data are compared with nitrogen concentration analysis performed in a laboratory. The comparison is carried out by linear regression and leave-one-out cross-validation.
MATERIALS AND METHODS

Oat samples
The oat (Avena sativa) samples were grown in ten 400 x 300 x 120 mm plastic trays outside in Masala, Kirkkonummi, Finland. The oat trays were seeded at the end of May of 2012. The trays were seeded using two different seeding densities and five different fertilization levels. The used seeding densities were approximately 21 and 42 g/m². The used fertilization levels were 0, 4.5, 12, 18 and 27 gN/m² (gram of nitrogen per square meter). The surface area of the trays was 0.12m². The oat samples were grown for six weeks before they were measured.
Hyperspectral LiDAR instrument
The instrument used in this research is the prototype of a full waveform terrestrial hyperspectral LiDAR instrument presented in Hakala et al. (2012) , but with different laser source. The laser source used in the current instrument configuration is LEUKOS-SM (LEUKOS). It is capable of producing 1 ns laser pulses ranging approximately from 400 to 2200 nm with a pulse rate of 5 kHz. The power of the laser pulses is approximately 200 mW. It can measure 3D point clouds included with hyperspectral backscattered reflectance for every point. For more details on the instrument operation principles, calibration and waveform processing see Hakala et al. (2012) .
Hyperspectral LiDAR measurements
The oat samples were scanned individually from two different scanning directions. First, the samples were scanned from a nadir point of view (incidence angle = 0°) and then from the side with an incidence angle of approximately 75 degrees. The nadir scan was attained by placing a mirror above the oat sample. During the side scan configuration a black matte canvas was placed behind the scanned sample to minimize background reflections. The scanning ranges using the nadir and side scan geometry were approximately 5.3 and 4.3 m respectively.
The oat samples were measured using eight spectral channels which had channel centers at 554.8, 623.5, 691.1, 725.5, 760.3, 795.5, 899 .0 and 1000.4 nm and Full Width at Half Maximum (FWHM) approximately 18.5 nm. The horizontal resolution used in the nadir and side scan configuration was 0.05 and 0.1 degrees respectively. The number of vertical scan lines was 40 using the nadir scan and 60 while scanning from the side. To ensure the quality of the nadir scan measurements, a Spectralon (Labsphere Inc.) reference plate was scanned for calibration purposes.
Nitrogen concentration acquisition
After the oats were measured with the hyperspectral LiDAR, they were transported to laboratory analysis in dark and cool conditions. The nitrogen concentration analysis was performed in the Agrifood Research Finland (MTT) in Jokioinen, Finland. The analysis was performed using the Kjeldahl method (Lynch & Barbano, 1999) . The MTT laboratory provided the nitrogen concentration of the oat samples as a percentage of the amount of nitrogen in fresh weight. The extended uncertainty of the laboratory measurements was ±15 %.
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Hyperspectral LiDAR data processing
Noise points and measurement points from non-photosynthetic materials, such as the plastic tray, background canvas and soil, were removed from the measured point clouds. After removing these points, point clouds produced using the side scan configuration consisted of approximately 20 000 points and point clouds measured using the nadir scan configuration had approximately 19 500 points in the low seeding density oats and 31 000 with high seeding density oats.
Estimation method
The nitrogen concentration estimation was performed by finding vegetation indices sensitive to oat nitrogen concentration using hyperspectral LiDAR data and validating their performance in nitrogen estimation. 28 published vegetation indices related to chlorophyll and nitrogen concentration were tested. The mean of vegetation index value calculated for every point in the point cloud was used as the estimator for nitrogen concentration.
The best result with the side scan data was achieved with the Chlorophyll Absorption Ratio Index (CARI), whereas the Normalized Difference Red Edge (NDRE) provided the best result with nadir scan data. CARI was designed by Kim et al (1994) to reduce the variability of the photosynthetically active radiation caused by diverse non-photosynthetic materials (Haboudane et al., 2002) . It uses reflectance at 550 and 700 nm, which correspond to the minimum absorption of the photosynthetic pigments together with reflectance at the maximum absorbance of chlorophyll-a around 670 nm. CARI is calculated using the following equation:
(1) where
Hyperspectral LiDAR instrument channels 3 (691 nm), 2 (623 nm) and 1 (554 nm) were selected to correspond to reflectance bands R700, R670 and R550 respectively. NDRE was presented by Barnes et al. (2000) to be used as a vegetation stress indicator with Canopy Chlorophyll Content Index (CCCI). NDRE is designed to respond to changes in chlorophyll concentration and nitrogen content (Rodriguez et al., 2006; Tilling et al, 2007) . The equation of NDRE is:
Hyperspectral LiDAR instrument channels 6 (795 nm) and 4 (725 nm) were selected to correspond to reflectance bands R790 and R720 respectively.
Validation methods
The performance of the vegetation indices in nitrogen concentration estimation was determined with linear regression analysis and leave-one-out cross-validation (LOOCV). The performance of the linear regression fit was evaluated with the coefficient of determination (R²) and LOOCV root mean square error (RMSE).
The leave-one-out method is based on using a single observation as the validation data while the remaining observations are used as the training data. The process is repeated until every observation is used once as the validation set. The LOOCV gives deeper insight to the dataset and fit of the model even with relatively small datasets such as in this study. The advantage of LOOCV method is that every observation is used in training and validating the model.
RESULTS AND DISCUSSION
The objective of growing the oats with varying fertilization levels and seeding densities was to have oats with clearly varying nitrogen concentrations. The objective was not achieved as well as it was intended as the nitrogen concentrations were varying but the variations between the oats were quite small, especially with the low density (L1-L5) oats (Table 1 ). The nitrogen concentrations in the low density oats varied between 5.10 and 5.80 (mg/g) with oats L1 and L2 having the same concentration of 5.10 mg/g. In addition, the highest nitrogen concentration in the low density oats was measured in the L1 oat which was assumed to have the lowest nitrogen concentration. The relatively high nitrogen concentration of the L1 oat might be explained by the loss of other substances within the oat. The L1 oat had already stopped growing and become yellowish due to the lack of nutrients. However, a better distribution of nitrogen concentrations was achieved with the high density oats H1-H5, which had nitrogen concentration levels varying between 3.90 and 6.00 mg/g.
Oat number
Nitrogen Table 1 Laboratory analysed nitrogen concentration of oat samples provided by MTT.
The lack of variation in the nitrogen concentrations induced that there were not significant differences between the reflectance spectra of the side scanned oats configuration (Figure 1) . Especially, the differences of the low density oats in the chlorophyll absorption region at 630-690 nm were small. However, differences in the low density oats can be seen in the NIR region, due to structural differences in the oat leaf foliage. The oats with denser leaf foliage have higher reflectance at NIR. The high density oats which had better distribution of nitrogen concentrations show visible differences even around 630-690 nm.
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The nadir scanned oat reflectance spectra show much more variation between the oats than the side scanned ones. The oat reflectance spectra from the nadir scan data are presented in Figure 2 . The strong differences in the reflectance spectra of the side and nadir scan data is an outcome of the different scanning geometries. The main difference is that using the side scan configuration there is not any soil background affecting the measurements. In addition, the nadir scan configuration produces more measurements from the oat canopy top which has more large leaves, whereas the side scan configuration produces more measurements from the stem parts of the oats. Consequently, the variations in the oat spectra in the nadir scan case are mainly due to the structural differences in the leaf canopies, such as the density and size of the leaves. When the leaf canopy is denser, there is stronger backscattered reflectance from the leaves, especially at NIR region, and less background effect from the soil.
The best performance with side scan configuration was acquired using CARI (R² = 0.85, RMSE = 0.229 mg/g, RMSE leave-oneout = 0.267 mg/g). The regression plot of CARI between the oat nitrogen concentrations is presented in Figure 3 . The best performance using the nadir scan configuration was achieved with NDRE (R² = 0.76, RMSE leave-one-out = 0.374 mg/g). The regression plot of NDRE is presented in Figure 4 . NDRE has previously shown sensitivity to leaf nitrogen content, for example, in Rodriguez et al. (2006) where R² of 0.71 was achieved while estimating nitrogen content in wheat (Triticum aestivum) using a portable spectrometer. The results indicate that some vegetation indices, such as CARI and NDRE, derived from hyperspectral LiDAR data are able to estimate nitrogen concentration in oats relatively well. The weaker performance of some indices might be a result of small dataset with the oats having small variation in nitrogen concentrations but high variation in leaf canopy structures. The interference, possibly caused by the mirror, in the nadir scan configuration might have also influenced the results. The remote sensing based nitrogen estimation using wavelengths in 550-1000 nm region is based on detecting changes induced by chlorophyll absorption in the vegetation reflectance spectrum. Nitrogen, however, is included also in other substances within plants and thus amount of nitrogen might not be estimated as efficiently as chlorophylls with vegetation indices using chlorophyll sensitive wavelengths. For example, much of the nitrogen is stored in proteins which have main absorption regions at 1500 , 1680 , 1740 , 1940 , 2050 , 2170 , 2290 and 2470 nm (Kumar et al., 2001 ) which were out of the spectral range of the hyperspectral LiDAR instrument.
There was variability among the performances of the tested vegetation indices in nitrogen estimation. In addition, there were differences in the performances of the indices when using different scanning geometries. Some indices showed poor correlation to nitrogen concentration probably due to the indices being insensitive to the structural and spectral properties of the oats or incompatible with the reflectance values of the hyperspectral LiDAR instrument channels. Vegetation indices are sensitive to the to the measured species and used sensor properties which has to be considered when comparing results obtained with the vegetation indices used in this study to other studies using a different type of sensor and plant species as test subjects.
It must be noted that nitrogen concentration was estimated using wavelengths and vegetation indices related to chlorophylls. Although chlorophyll and nitrogen concentration are linked to each other, better results might have been achieved by performing chlorophyll estimation by assaying chlorophyll concentration of the oats instead of nitrogen concentration.
Widening the spectral range of the hyperspectral LiDAR instrument to 1500 nm, where a known nitrogen absorption band is located, could also improve the capabilities of the instrument to estimate nitrogen concentration.
The dataset used in this research consisted only of ten specimens. A larger dataset would have provided more diversity and variance to the analysis providing more reliability to the results. More precise validation of hyperspectral LiDAR in nitrogen concentration estimation would require larger dataset with much more variability within concentration levels and species.
A number of previous studies concentrated on nitrogen estimation by remote sensing have concentrated on estimating the nitrogen content per unit area (mg/m²) instead of concentration (mg/g) as was done in this research. Further study is, hence, recommended to investigate whether the results would be any different if nitrogen content had been estimated instead of nitrogen concentration.
A subject of future studies could also be the use of inversion of radiative models, such as PROSPECT (Leaf Optical Properties Spectra) and LIBERTY (Leaf Incorporating Biochemistry Exhibiting Reflectance and Transmittance Yields). By using model inversion in nitrogen estimation some of the limitations of vegetation indices might be overcome.
CONCLUSION
The purpose of this research was to investigate capability of the first prototype of a full waveform terrestrial hyperspectral LiDAR in nitrogen estimation. The nitrogen estimation was performed by calculating vegetation indices to oats grown in different fertilization conditions. Linear regressions were performed with the calculated indices and laboratory analyzed concentrations. The results indicated that few vegetation indices derived from hyperspectral LiDAR data were able to form relatively good linear relationship with nitrogen concentration of the oats. The best performance was acquired using CARI (Chlorophyll absorption ratio index) with a coefficient of determination of 0.85. The results indicate that hyperspectral LiDAR offers great benefits to the remote sensing of vegetation.
In the near future, the further development of the hyperspectral LiDAR instrument includes adding mobility, enhancing the spectral and range capabilities and improving the eye safety. The instrument already holds much potential in various environmental applications. As the hyperspectral LiDAR technology matures, operational mobile and airborne hyperspectral laser scanners will be available from commercial manufacturers and provide significant improvement to the remote sensing of environment.
